A longitudinal Bayesian threshold analysis of insemination outcomes was carried out using 2 random regression models with 3 (Model 1) and 5 (Model 2) parameters to model the additive genetic values at the liability scale. All insemination events of first-parity Holstein cows were used. The outcome of an insemination event was treated as a binary response of either a success (1) or a failure (0). Thus, all breeding information for a cow, including all service sires, was included, thereby allowing for a joint evaluation of male and female fertility. An edited data set of 369,353 insemination records from 210,373 first-lactation cows was used. On the liability scale, both models included the systematic effects of herd-year, month of insemination, technician, and regressions on age of service sire and milk yield during the first 100 d of lactation. The random effects in the model were the 3 or 5 random regression coefficients specific to each cow, the permanent effect of the cow, and the service sire effect. Using Model 1, the estimated heritability of an insemination outcome decreased from 0.035 at d 50 to 0.032 at d 140 and then increased continuously with DIM. The genetic correlations for insemination success at different time points ranged from 0.83 to 0.99, and their magnitude decreased with an increase in the interval between inseminations. A similar trend was observed for heritability and genetic correlations using Model 2. However, the average estimate of heritability was much higher (0.058) than those obtained using Model 1 or a repeatability model. In addition, the estimated genetic correlations followed the same trend as Model 1, but were lower and with a higher rate of decrease when the interval between inseminations increased. The posterior mean of service sire variance was 0.01 for both models, and permanent environmental variance was 0.05 and 0.02 for Models 1 and 2, respectively. Model comparison based on the
INTRODUCTION
In the last 3 decades, the dairy industry in the United States has experienced substantial changes. Royal et al. (2000) reported that in 20 yr conception rates in Holstein cows had decreased by 0.45% per year (Butler and Smith, 1989; Beam and Butler, 1999) . The decrease in fertility can be partially attributed to unfavorable genetic relationships between fertility and production traits (Freeman, 1984; Ranberg et al., 2003) . Although several traits are being used for genetic evaluation of reproductive performance, the outcome of an insemination event seems to be the trait of choice, because it is measured early in the breeding season and hence has less environmental influence (Averill et al., 2004) . Similar to many other reproductive traits, the outcome of an insemination event depends on both male and female fertility.
Although some attempts have recently been made to jointly analyze male and female fertility (Jamrozik et al., 2005) , these 2 traits have been analyzed separately in the majority of cases. Further, not all insemination events during a breeding season are being considered. In fact, traits such as outcome of first insemination, based on the nonreturn rate or conception rate, use only one record per cow within lactation. Thus, additional breeding records of cows having more than one insemination are not considered, leading to information loss. With one record per cow, information about male fertility in second and later services is also lost. Consequently, the resulting service sire effects and female fertility could be biased. To account properly for service sire effect and female fertility in a joint analysis, all insemination events could be considered, such as by using a longitudinal threshold model.
In dairy cattle, random regression models have primarily been used to analyze production traits (Marti and Funk, 1994; Veerkamp and Goddard, 1998; Swalve, 2000; Jensen, 2001 ) and health-related traits such as mastitis (Kadarmideen et al., 2000; Heringstad et al., 2001; Heringstad et al., 2003; Rekaya et al., 2003) . Several random coefficient models, including random regression and splines, have been implemented and compared (White et al., 1999; Pool et al., 2000) . The basic idea underlying all these models consists of modeling the additive genetic values (or other random effects in the model) as a function of an observed dependent variable (i.e., time, weight) through a set of random coefficients. Compared with cross-sectional models, the theoretical and biological advantages of using random regression-based models for longitudinal data are numerous and have been reported extensively in the literature (Meyer, 1998; Huisman et al., 2002) . Kirkpatrick and Heckman (1989) , among others, have discussed using longitudinal models for the analysis of infinite-dimensional characters. Using dairy cattle data, Rekaya et al. (1998) have applied a longitudinal threshold model for the analysis of sequential binary responses. Further, Veerkamp et al. (2001) have used a longitudinal binary approach to analyze censored survival data via random regression models. In addition to the advantages of using the random regression model for continuous data, longitudinal threshold models offer the possibility of computing quantities of interest to animal breeders that could not be obtained using cross-sectional analyses, such as the probability of observing a success or failure within a specific period. Heringstad et al. (2001) applied the proposed model to analyze the incidence of mastitis in the Norwegian Red dairy cattle population. The estimated heritability ranged from 0.01 to 0.18, with the maximum being by the middle of the lactation. Furthermore, quantities were developed, including the expected number of mastitis episodes per lactation, the expected number of days without mastitis, and the probability of having at least one mastitis episode during a given period of time, and were used as alternatives to a single breeding value for sire selection. Kadarmideen et al. (2001) used a similar approach to analyze mastitis data in the UK Holstein population. Jakobsen et al. (2003) used a bivariate longitudinal threshold-continuous model for analysis of health and production traits in the Danish dairy population. Their model yielded interesting results, such as a description of the susceptibility to diseases as a function of the shape of the lactation curve and the relationships among timing and level of peak milk production and the incidence of mastitis.
In this study, the repeatability threshold model proposed by Averill et al. (2004) for analyzing insemination outcomes in first lactation, where all insemination events of a cow in a breeding season were considered as repeated measurements, is extended via a random coefficient-based model with specific objectives: 1) to use all available breeding information for joint evaluation of male and female fertility; 2) to implement and compare 2 random coefficient functions for modeling the additive breeding value using Bayes factors; and 3) to develop new selection criteria other than the single breeding value.
MATERIALS AND METHODS
The data consisted of insemination records from firstparity dairy cows generated between 2002 and 2003, provided by AgriTech Analytics (Visalia, CA). The trait of interest was the outcome of all insemination events, where 1 was defined as a successful insemination event and 0 was defined as an unsuccessful (failed) insemination event. Data editing consisted of keeping herd-year contemporary groups and technicians with at least 5 and 10 records, respectively. All extreme-case problem classes for contemporary groups and technicians were removed. Further, cows with inconsistent identification, more than one successful insemination per lactation, or an unrealistic interval between consecutive inseminations were removed. After editing, the data consisted of a total of 210,373 cows with 369,353 records, averaging 1.76 inseminations per cow. The data also included a total of 1,582 technicians, 3,210 service sires, and 967 herd-year contemporary groups.
The pedigree had a high proportion of missing or unknown sires because of the high percentage of cows in California with missing sire identification. After matching the identification numbers in the data and pedigree files provided by AgriTech Analytics with sire pedigrees from the National Association Animal Breeders, international sire identification numbers were determined and used in building the pedigree. The pedigree file consisted of 218,706 animals.
Before describing the longitudinal setting, a basic latent variable model for a cross-sectional binary response is described. Assume the observed binary response, y i , is related to a continuous underlying variable l i satisfying the following condition:
where l i ∼ N( i , σ 2 e ) and T is a threshold value. The probability of observing a successful insemination (i.e., y i = 1) is
where Φ is the cumulative standard normal distribution function. As such, the model is not identifiable and i , T, and σ 2 e cannot be inferred separately. Thus, at least 2 restrictions are needed. In this study, T and σ 2 e were set to zero and one, respectively, leading to
[3]
Furthermore, i can be linearly related to a set of systematic and random effects as
where x i and z i are known incidence row vectors, and β and u are unknown location parameters corresponding to systematic and random effects, respectively.
The implementation of this model in a Bayesian analysis using data augmentation became feasible after the research of Albert and Chib (1993) and Sorensen et al. (1995) . All pertinent posterior distributions needed for Bayesian implementation via Markov chain Monte Carlo methods are in closed form.
In a longitudinal situation, let y i = (y it 1 , y it 2 ,..., y it n i )′ be an n i × 1 vector of binary responses for animal i (i = 1, 2, ..., q) observed at times t 1 , t 2 ,..., t n i , where n i is the number of inseminations for animal i. As in the case of the cross-sectional analysis, the binary response observed at time t j is related to a normally distributed underlying variable satisfying [1]:
where ij is now a function of time. In this study, 2 functional forms were used to model ij . Although the choice of these 2 functions was arbitrary, our main selection criteria were based on the number of parameters and the availability of computer software to implement the analyses. It is worth mentioning that orthogonal polynomials and even splines could have been used to model the ij . However, the unavailability of computer software to implement a longitudinal binary analysis has precluded their use in this study.
Quadratic Linear Function (Model 1)
A quadratic regression on the time elapsed between calving and insemination date was used to model the additive breeding value of the inseminated cow. Thus,
where ijkm is the conditional mean for cow i at time j; fixed is the fixed effects of herd-year of calving, techni- cian, month of insemination, regression on age of service sire, and regression on milk yield in the first 100 d of lactation; u i = [a i0 a i1 a i2 ] is a 3 × 1 vector of random regressions specific to cow i; s k is the random effect of service sire k (without relationships between service sires); p i is the random permanent environmental effect particular to all n i records of cow i; and z ij = number of DIM for cow i/365 is specific for cow i at time j.
Ali-Schaeffer Function (Model 2)
This 5-parameter function was used to model the additive genetic values of the inseminated cows (Ali and Schaeffer, 1987) . Thus,
where ijkm , fixed, s k , and p i are as before, and
] is a 5 × 1 vector of the random regression coefficient specific to cow i. Milk yield in the first 100 d was included as a covariate to account for the recursive relationship between fertility and early milk production. Although these 2 traits have some genetic correlation between them, that was not accounted for appropriately in the univariate analyses implemented in this study; the inclusion of early milk production as a covariate will help account for the environmental correlation and recursive relationship between the 2 traits. Although random regression modeling is more appropriate for the permanent effect, given the expected change over time, it was assumed to be constant because random regressions with 2 and 4 parameters for this effect showed major convergence problems in preliminary tests. This could have been due in part to the small number of records per cow.
To complete the Bayesian implementation, prior distributions for all unknown parameters in the model have to be specified. It was assumed that:
where G 0 is a 3 × 3 and 5 × 5 genetic (co)variance matrix for Models 1 and 2, respectively, U[0, 1] is the uniform distribution, A is the additive relationship matrix, and β min and β max were set to −100 and 100, respectively.
The vector of unknown parameters was augmented with the liabilities suggested by Sorensen et al. (1995) . The resulting joint posterior distribution and the conditional distributions needed for the implementation of the Gibbs sampler were in closed form, being normal for the systematic and random effects, truncated normal for the liabilities, scaled inverted Wishart for G 0 , and scaled inverted χ 2 for σ 2 s and σ 2 p . For both models, and based on a convergence analysis and visual inspection, a unique chain of 75,000 iterations was implemented, with a burn-in period of 25,000 iterations.
The Bayes factor, as defined by Newton and Raftery (1994) , was used to assess the plausibility of the postulated models. The marginal density of the data under each of the models was estimated from the harmonic means of likelihood values evaluated at the posterior draws such that
where y is the vector of observed binary responses and θ (k) is the kth Gibbs sample of parameters under model M i . The estimated Bayes factor between models M i and M j is:
Genetic (Co)variances and Heritabilities
The genetic (co)variances and heritabilities of success or failure of insemination at the liability scale are a function of time and can be obtained easily. For Model 1, the genetic covariance, on the liability scale, between success and failure of inseminations at times t i and t j is given by
where G 0 is a 3 × 3 genetic (co)variance matrix for the random regression parameters and
Similarly, for Model 2 the genetic covariance is given by where G 0 is a 5 × 5 genetic (co)variance matrix and
Heritabilities on the liability scale at time t are defined as
for Model 1 and
Bayesian analysis of longitudinal binary data via Markov chain Monte Carlo techniques allows a straightforward calculation of quantities of interest for selection decisions. In fact, criteria such as the probability of conception after first insemination, probability of conception within 365 d, probability of no conception within 365 d, and probability of no conception in the first 3 inseminations are computed as by-products of the sampling process and can be used together with the EBV for making breeding decisions. The following selection criteria were computed in this study: a) probability of conception after first insemination within 75 d:
b) probability of conception within 365 d:
c) probability of no conception within 365 d:
d) probability of no conception in the first 3 inseminations (t j = 75, t j = 96, and t j = 117):
The probabilities in a) to d) were calculated assuming a population average derived based on the percentage of successful inseminations in the data set. For an observed insemination success rate of 37%, the population mean was set as equal to −0.33. The probabilities in a) to d) were then calculated from the cumulative distribution function of a normal distribution with mean equal to the sum of the population mean (−0.33) and the cow's breeding and permanent effects. For cows with only one record, for which the permanent effect could not be calculated, their permanent effects were set to zero. It is worth mentioning that these probabilities in a) to d) change in a nonlinear manner with a change in the population mean.
RESULTS AND DISCUSSION

Model 1
A summary of the posterior distributions of the genetic (co)variances, permanent variances, and service sire variances for Model 1 is presented in Table 1 . The intercept (first parameter of the quadratic function; g 00 ) explained more than 87% of the total genetic variance for insemination outcome on the liability scale when t = 110 d. The third parameter (g 22 ) explained only 1% of the total variance (at t = 110 d), indicating its limited effect on the ability to predict a cow's pregnancy status after insemination.
Estimated genetic correlations between the 3 random coefficients using Model 1 (Table 2 ) indicated moderate to low negative correlations among a 1 , a 0 , and a 2 . However, the genetic correlation between a 0 and a 2 was positive and large in magnitude. These correlations in- dicate that, for low to moderate values of t (days between calving and insemination), the second parameter (a 1 ) of the function plays a role in decreasing the genetic variance for insemination outcomes on the liability scale as a result of its negative correlation with the intercept (a 0 ) and the limited effect of the third parameter (a 2 ) with the corresponding covariable, (t/365) 2 , for low to moderate values of t. For large values of t, the contribution of the third parameter increases and offsets the decrease induced by the negative correlation between the first and second parameters. This trend is evident in Table 3 .
Posterior means of the genetic variance for insemination outcomes at specific time points, as well as the genetic correlations between time points, are presented in Table 3 . The genetic variance decreased continuously from 70 d to approximately 150 d after calving and then increased with time. The change over time in heritability of an insemination outcome (Figure 1a) shows the same trend as observed for the genetic variance, such that heritability decreased at the beginning of the lactation to a minimum (0.032) between 155 and 176 d and then increased continuously to the end of lactation. However, the range of variation in heritability estimates over time was small, from 0.032 to 0.041, with an average of 0.034. Although higher than the estimate obtained using a repeatability model (Averill et al., 2004) , the latter was still within the range of estimates reported in the literature (Bar-Anan et al., 1985; Raheja et al., 1989) . The genetic correlations for insemination outcomes at different time points (Table 3) were positive and high, ranging from 0.787 to 0.998. The magnitude of these correlations decreased with an increase in time. In fact, the correlation was 0.998 between 70 and 100 d and decreased to 0.787 between 70 and 365 d. This result suggests that, if a cow fails to get pregnant in a given insemination, her chance of becoming pregnant decreases with an increase in the interval between the failed insemination and consecutive inseminations. Furthermore, these correlations must be interpreted with caution, given that cows becoming pregnant in a given insemination have all their "hypothetical" future inseminations assumed by the model as if they were successful. In other words, for these pregnant cows, the genetic correlation between "hypothetical" future inseminations is equal to one. Consequently, the true genetic correlation between an unsuccessful insemination and a future insemination is smaller than the values presented in Table 3 .
The point estimate of the service sire variance (0.010) was slightly higher than that obtained using the repeatability model (0.009) of Averill et al. (2004) but was within the range of estimates reported for male fertility (Hansen et al., 1983; Taylor et al., 1985; Ranberg et Averill et al. (2004) using the repeatability model (0.17). The new estimate seems more realistic, perhaps indicating better modeling using a random regression model that accounts for the variation in genetic variance over time. Table 4 presents a summary of the posterior distributions of the genetic (co)variance, the permanent environmental variance, and the service sire variance using Model 2. As with Model 1, the intercept explained a large portion of the total variance. Estimated genetic correlations (Table 5) for the fourth (a 3 ) and fifth (a 4 ) parameters with the other 3 (a 0 , a 1 , a 2 ) parameters were negative except for the correlation between the fourth and second a 1 parameters (0.11). All of the genetic corre- lations among the first 3 parameters and between the fourth and fifth parameters were positive and ranged from 0.12 (first with second) to 0.60 (fourth and fifth). Although a detailed dissection of the effect of each parameter on the genetic variance of insemination success is more complex and less evident than with Model 1, in general it seems that the fourth and fifth parameters had a more pronounced effect on genetic variance at the beginning of lactation as result of their negative correlation with the intercept and the magnitude of the covariables log(365/t) and log(365/t) 2 for small values of t. As soon as t reached a value of 90 d, the contribution of the second and third parameters (positively correlated with the intercept) exceeded the decrease induced by the fourth and fifth parameters, and the genetic variance of the insemination outcome increased sharply. The point estimate of the service sire variance was similar to that obtained using Model 1 (0.01) and that obtained by Averill et al. (2004) using a repeatabil- ity model (0.009). However, the variance of the permanent environment was smaller (0.02) than the estimate obtained using Model 1 (0.05) or using the repeatability model (0.17) of Averill et al. (2004) .
Model 2
Changes in heritability over time are presented in Figure 1b . Similar to the genetic variance, the heritability decreased to a minimum at approximately 90 d and then increased continuously to reach estimates greater than 0.08 by 300 d. The average estimate of heritability was much higher than those obtained using Model 1 (0.034) or the repeatability model (0.028) using the same data set with different editing criteria (Averill et al., 2004) .
The genetic correlations for insemination outcome at different time points (Table 6 ) were positive but of smaller magnitude than those obtained using Model 1. As with Model 1, the magnitudes of these correlations decreased with an increase in the interval between inseminations. For 2 inseminations realized at an interval of less than 100 d, the genetic correlation was always greater than 0.90, except between 70 and 150 d ( Table   Table 5 . Posterior means (above the diagonal) and standard deviations (below the diagonal) for genetic correlations between random coefficients using Model 2 6). However, the decrease in the magnitude of the genetic correlation with an increase in the interval between inseminations was more pronounced than with Model 1 (Table 3 ). In fact, the correlation using Model 2 (Model 1) was 0.903 (0.998) between t = 70 and t = 100 and declined to 0.437 (0.787) between t = 70 and t = 365.
Model Selection Criteria
The Bayes factor was equal to 5.8 in favor of Model 1, indicating that Model 1 was more plausible than Model 2, given the data. This result suggests that Model 2 included too many parameters to fit a data set with a limited number of records per cow. In fact, the average number of records per cow was 1.76, with 36% of cows having only one record. Furthermore, this result helps explain the unexpected estimates of heritabilities, genetic correlations between insemination events, and permanent environmental variance. It should be noted that holding the permanent effect variance constant over time could be part of the problem, because this has been the case in analyzing milk yield data using test-day models. However, increasing the number of parameters by including random regression coefficients to model the permanent effect could be counterproductive, given the limited number of records per cow in the data set used in this study.
The ranking of animals based on 3 new selection criteria provided extra tools for selection. Table 7 presents the top and bottom 5 cows based on the 3 defined probabilities using Model 1. The 5 best cows had a high probability of conception after first insemination and consequently low probabilities for not being pregnant after 3 inseminations or after 365 d. In fact, all 5 cows became pregnant on their first insemination. The worst 5 cows had a low probability of conception after the first insemination and high p 2 and p 3 . Based on their phenotypic data, all 5 cows were open after more than 300 d since calving.
CONCLUSIONS
The use of longitudinal models allows for the inclusion of all breeding information over a specific period. It avoids eliminating useful information and makes joint analysis of male and female fertility possible. Longitudinal models account for all service sires as well as the order in which they were used, potentially leading to more precise estimates. In this study, 2 random regression models with different parameter functions, a quadratic linear model (Model 1) and the Ali-Schaeffer model (Model 2), were implemented and compared. Estimates of genetic parameters from the 2 models studied herein indicate the possibility that reproductive performance can be genetically improved through selection. Furthermore, random regression models accounted for the variation in genetic variance for insemination outcomes over time, potentially leading to more realistic modeling compared with a repeatability model. Estimates of genetic parameters were quite different between the 2 random regression models. Estimates of heritability using Model 2 were higher than those ex- Table 7 . Probability of conception after the first insemination, probability of no conception after 3 inseminations, and probability of no conception after 365 d for the best and worst 5 cows using Model 1 pected for fertility traits, especially by the end of the lactation. Comparison of the 2 models based on the Bayes factor indicated that Model 1 was more plausible, given the data. In this study, the permanent effect was assumed to be constant, and potential selection bias resulting from the culling of a heifer because of fertility problems was not considered because of limited information available in the data set. With a more complete data set, a longitudinal multiple-trait model for different lactations with varying permanent effects would be theoretically more appropriate. However, implementation of this model may be challenging for large data sets.
